Introduction
Within present-day strategy of human breast cancer treatment, diagnostic biopsy and surgical margin assessment are two elements in which procedural accuracy could significantly be enhanced.
Missed diagnoses of cancer by false-negative biopsies have been reported ranging from 4.3% to 17.9%, despite ongoing advances in imaging technologies. Moreover, indeterminate pathology analysis will result in the need of repeat biopsies in between 4% to 32% of patients. [1] [2] [3] [4] [5] [6] Breast conservative therapy, aimed at conserving as much breast tissue as possible, is the treatment of choice in patients with T1-T2 breast tumors. However, the rate of irradical resection and the need for a secondary surgical procedure is often over 10%, depending on the specific definition. 7, 8 Over the last decade, new tools have been developed to classify breast tissue and assess breast tissue margins based on optical spectroscopy techniques. [9] [10] [11] [12] [13] [14] [15] [16] [17] [18] [19] [20] [21] [22] Bigio et al. performed in vivo elastic scattering spectroscopy measurements between 350 and 750 nm to discriminate between 13 malignant and 59 nonmalignant breast tissue samples by applying artificial neural network (ANN) and hierarchical cluster analysis on the spectra yielding sensitivity-specificity of 69%-85% and 67%-79%, respectively. 9 This study also showed that the spectral features between 400 and 500 nm in adipose tissue are mainly dominated by β-carotene light absorption, however optical properties were not derived from the measured spectra. The biomedical group at Duke University has performed several studies where optical properties were derived from measurements performed between 350 and 600 nm by using an inverse Monte Carlo technique to extract hemoglobin and β-carotene concentrations, as well as hemoglobin saturation and the reduced scattering amplitude. [10] [11] [12] [13] Classification based on linear support vector machine (SVM) learning was performed to classify malignant (35 samples) from nonmalignant samples (50 samples including adipose and fibrous tissue types) with a sensitivity-specificity of 83%-80%. 10 A more recent study from the same group showed that it is possible to discriminate 54 malignant samples from 70 nonmalignant samples with a sensitivity-specificity of 83%-87% based on the extracted parameters from diffuse reflectance measurements. 11 Volynskaya et al. conducted an ex vivo breast (104 samples) study where a classification between four types of breast tissue was performed from diffuse reflectance spectra acquired from 350 to 750 nm. 14 Classification of 31 normal, 55 fibrocystic change, 9 fibroadenoma, and 9 infiltrating ductal carcinoma was achieved with a sensitivity-specificity of 100%-100% by using a logistic regression (LR) algorithm. An ex vivo breast study by Majumder et al. showed that sparse multinomial logistic regression classification of 134 normal (adipose and glandular), 86 invasive ductal carcinoma, 18 ductal carcinoma in situ, and 55 fibroadenoma spectra can be achieved with sensitivity-specificity ranging from 28%-86% to 86%-97% when only analyzing diffuse reflectance spectra acquired between 400 and 800 nm. 15 A more recent study showed sensitivity-specificity of 85%-96% when discriminating 145 normal from 34 tumor (invasive ductal carcinoma and ductal carcinoma in situ) samples. 16 Laughney et al. presented ex vivo noncontact optical properties estimations from spectra acquired between 510 and 785 nm from 29 breast samples and a k-nearest neighbor (KNN) classification method was used to discriminate between different tissue types. 17 They have shown an interesting comparison of classifying the different types of tissue according to their pathology identity and by grouping them into subgroups, such as adipose (7021 spectra), nonmalignant (533 inflammation, 4110 benign epithelia, and 31226 normal epithelia spectra), and malignant (194 ductal carcinoma in situ, 479 invasive lobular carcinoma, and 22547 invasive ductal carcinoma spectra). Their results showed sensitivity-specificity of 87%-99%, 90%-82%, and 77%-90% for adipose, nonmalignant, and malignant, respectively. However, a sensitivity-specificity of 87%-99%, 74%-74%, 9%-91%, 0%-100%, 77%-90%, 0%-100%, and 0%-100% was reached for adipose, normal epithelia, benign, inflammation, invasive ductal carcinoma, ductal carcinoma in situ, and invasive lobular carcinoma, respectively.
Other studies [18] [19] [20] [21] investigated wavelength ranges between 600 and 1100 nm where water and lipid were estimated in addition to hemoglobin. Therefore, adipose tissue could be discriminated based on the amount of estimated lipid and not β-carotene, since this chromophore has negligible absorption above 600 nm. However, these investigators did not perform a classification on their data.
In our study, we have conducted an ex vivo trial to estimate optical properties from 102 samples of five different types of breast tissue: adipose, glandular, invasive carcinoma (IC), fibroadenoma (FA), and ductal carcinoma in situ (DCIS) measured in 52 patients. Optical spectra were taken with a setup that can resolve light from 500 nm up to 1600 nm, and a model based on diffusion theory was applied to the measurements to estimate the optical properties by determining several parameters such as blood, water, and lipid volume fractions, reduced scattering amplitude, Mie slope, Mie scattering fraction, and pigment packaging factor. 23, 24 Besides, β-carotene was also included in our model since it has significant absorption up to 500 nm as demonstrated by other groups. [9] [10] [11] 14 Recent findings by Taroni et al. showed that collagen is an important absorber to include in the model for fitting the measured spectra as it has distinct absorption features above 900 nm.
19-21 Therefore, we measured the absorption coefficient of collagen up to 1600 nm and included it in our model.
We present the first study using diffuse reflectance spectroscopy (DRS) measurements on a 500 to 1600 nm wavelength range to estimate physiological, morphological, and optical properties parameters of ex vivo breast tissue. The classification and regression tree (CART) algorithm, a probabilistic discriminative classification method, was applied to the derived parameters to evaluate the performance of diagnosis of the five measured types of tissues. Sensitivity-specificity computation and receiver operating characteristic (ROC) curves analysis were performed to quantify the overall performance of the diagnosis by using the Provost and Domingos measure (PDM). 25 In addition, several classification methods that were used in literature to discriminate malignant from nonmalignant tissues were applied to our data in order to compare our results with those reported in existing literature studies. Additional classification methods were also applied for comparison.
Finally, classification of adipose tissue based on either β-carotene or lipid only was compared as no existing breast studies in literature made a comparison on classifying adipose tissue based on only one of these two adipose tissue precursors.
Materials and Methods

Ex vivo Breast Sample Collection
The human breast samples were obtained under approval by the internal review board committee of the Dutch Cancer Institute in Amsterdam, The Netherlands (NKI-AVL) where this study was conducted. The breast samples that were measured corresponded to resection specimens of either to mastectomies or lumpectomies. Breast samples of patients subject to mastectomy were sliced with a thickness of roughly 0.5 to 1 cm, whereas the sample sizes of the patients who were subject to lumpectomy (e.g., fibroadenoma) corresponded to the size of the excised tissue which was on average several millimeters in diameter. After surgical resection, resection samples were transferred to the pathology department within 2 h, where they were inked at the surface before slicing them for histological processing. All optical measurements were performed before formalin fixation and tissue preparations by the pathologists in order to limit, as much as possible, changes in the optical properties from the tissue conditions when excised. Five different types of tissue were measured based on the macroscopical indication by the pathologist: adipose, glandular, FA, IC, and DCIS. A total number of 102 samples from 52 patients were investigated, from which a total number of 980 spectra were acquired and co-registered with the pathological findings. The pathological diagnosis performance was very high for all the cases that we have tested. The cancerous cases were all macroscopically clear cut carcinomas; and in case of doubt we were reluctant to include such cases in this study. Table 1 summarizes the histological breakdown of the breast tissue samples, including the amount of acquired spectra in this study.
Instrumentation and Spectral Calibration
Ex vivo diffuse reflectance spectra were taken using a portable spectroscopic system as illustrated in Fig. 1 and used in previous studies. 23, 24, 26 A tungsten halogen broadband light source with an integrated shutter (Ocean Optics, HL-2000-HP) was used to deliver light into the tissue. Delivery of light to the tissue and its collection were achieved with a 1.3-mm diameter fiber-optic probe with a distal end polished at an angle of 20 deg. The probe comprises three 200-μm core diameter optical fibers with one fiber connected to the light source that is located 2.48 mm from the two side-by-side optical fibers that are used to collect the diffused light. The optical fibers used for the collection of light are connected to a spectrometer with a silicon detector (Andor Technology, DU420A-BRDD) and a spectrometer with an InGaAs detector (Andor Technology, DU492A-1.7), respectively. After thermoelectrically cooling the detectors to −40 • C, wavelength values were assigned to each pixel of the detector by fitting a second-order polynomial to a set of atomic lines from an argon source with peaks at known wavelength. Subsequently, the spectral response of a white reflectance standard (Spectralon) with known reflectivity was measured by placing the distal end of the probe at a fixed distance of roughly 2 mm and followed by a background measurement in order to minimize the impact of ambient light. This step is necessary as it allows correcting for the system response (e.g., spectral shape of the light source and wavelength-dependent sensitivity in the optics and gratings and the detectors). This white reference measurement is used to divide each spectral measurement on the tissue samples for which a background measurement is subtracted, yielding to the final reflectance measurement. The integration time for each measurement is on average 0.5 s. The reflectance spectra obtained with both spectra are combined together to form one single reflectance spectrum ranging from 500 to 1600 nm, and is used in order to apply the mathematical modeling for the data analysis.
Spectral Data Modeling
The measured spectra were fitted from 500 to 1600 nm with the model of Farrell et al. 27 that is derived from diffusion theory using a Levenberg-Marquardt nonlinear inversion algorithm in order to determine the absorption coefficient μ a (λ) and the reduced scattering coefficient μ s (λ) expressed in cm − 1 . The validation of the model based on a phantom study, including spectral calibration procedures, and its application to in vivo and ex vivo tissues, were justified in detail elsewhere. 23, 24 The model requires the distance between the emitting and collecting fibers as well as the wavelength-dependent absorption coefficients of the chromophores of interest as input arguments. Additionally, the reduced scattering coefficient was empirically modeled as:
where λ 0 = 800 nm corresponds to a wavelength normalization value, α is the reduced scattering amplitude at λ 0 , the Mie scattering slope is b, and ρ denotes the Mie-to-total reduced scattering fraction assuming Mie and Rayleigh scattering as the two types of scattering in tissue. The absorption coefficient is expressed as a term that corresponds to vascular absorption μ Blood a (λ), of the light due to blood-derived chromophores and a second term μ Other a (λ) due to absorption of light by other chromophores present in breast tissue. The blood related absorbers are deoxygenated-hemoglobin (Hb) and oxygenated-hemoglobin (HbO 2 ) and define the absorption coefficient due to blood as: (λ) correspond to absorption coefficients of pure Hb and HbO 2 given an average hemoglobin concentration in blood of 150 mg/ml, respectively. The parameters ν and StO 2 correspond to the blood volume fraction and the level of hemoglobin saturation by oxygen, respectively. The parameter C (λ) was used to account for inhomogenous distribution of hemoglobin in vessels and is known as pigment packaging factor 28 expressed as:
where R corresponds to the average vessel radius. Studies that were performed on breast tissue 11, 14 showed that it is important to have β-carotene (βc) as an absorber in the model when recording spectra in the visible range. Indeed, these studies demonstrated that βc is an essential discriminator for adipose tissue in breast. Other studies that investigated optical properties of breast in the near-infrared range 18, 20 discriminate adipose tissue from other types of tissue based on light absorption by lipids. However, no studies so far used both βc and lipid. In our study we included both absorbers in the model and investigated the advantage of measuring up to 1600 nm where additional water and lipid absorption features exist, 23 which enables more accurate estimation of lipid volume fraction. 24 Taroni et al. showed that collagen is an abundant absorber in several breast tissue types when recording optical spectra up to 1100 nm.
19-21 Therefore, we have measured collagen Type I (Sigma-Aldrich C9879) absorption coefficients from 500 to 1600 nm by tightly inserting the collagen fibers in cuvettes of 0.5, 1, and 2-mm thickness, and measuring its absorption with a spectrophotograph with a 150-mm diameter integrating sphere (Lambda 900 Spectrometer, Perkin Elmer). The absorption measurements were separated from the scattering by mounting the cuvettes inside the integrating sphere far away from the detector. When a sample is mounted inside the sphere, the loss of light is mainly due to absorption by the sample related to the absorption coefficient. Because of the turbidity of the sample, scattering occurs. Therefore, an additional measurement was performed by allowing the forward transmitted light to escape out of an exit port in the back end of the sphere in order to measure scattering. The scattered light from the sample mounted inside the sphere is therefore measured, and subsequently the absorption coefficient can be determined by subtracting the measurement with the opened exit port from the measurement with the closed exit port.
The absorption coefficient due to nonblood derived chromophores is expressed as:
where
Collagen a (λ), and ε βc (λ) correspond to the absorption coefficients of lipid, water, collagen, and the extinction coefficient (in cm − 1 M − 1 ) of β-carotene, respectively. The parameter ψ represents the water and lipid volume fraction, and f Lipid represents the lipid fraction within the volume probed by the light. However, f Collagen corresponds to the collagen volume fraction in the probed tissue, whereas c βc corresponds to the molar concentration of β-carotene. The absorption coefficients of the various chromophores of interest are depicted in Fig. 2 . The absorption coefficient at unit concentration of Hb and HbO 2 that is used as a priori knowledge for the model are from Zijlstra et al., 29 whereas the extinction coefficient of β-carotene in human adipose cells is from van de Poll et al. 30 Water and lipid absorption coefficients that are used in the presented study are from a previous published work. 23 The collagen absorption coefficient presented in this study has a local maximum at 1200 nm of 1.54 cm − 1 , which is of the same order of magnitude as the water and lipid absorption coefficient in the vicinity of 1200 nm. It is important to note that collagen has a wider maximum than fat, but is narrower than water. Other local maxima at 911, 1030, and 1510 nm are observed with absorption coefficients of 0.21, 0.34, and 5.22 cm − 1 . The presented absorption coefficient of collagen is about an order of magnitude higher than the one presented by Taroni et al., 20 however it matches very well with 31 and by Nunez. 32 The difference in collagen absorption values with Taroni et al. could be due to the fact that the density of our measured sample is different from the density used by Taroni et al.
In a few cases, the ink used by the pathologist before cutting was spread into the tissue when slicing the breast samples, influencing the measured spectral shapes. In order to correct for this, the absorption coefficients of these inks were measured and added to the fitting. Given the large number of free parameters, two separate fits on different wavelength ranges were performed: the first fit was performed between 500 and 900 nm with μ Blood a (λ) + c βc .ε βc (λ), and μ s (λ) only in the model and the second fit was performed between 900 and 1600 nm with μ Other a (λ) − c βc .ε βc (λ), and μ s (λ) only in the model. The extracted values from both fits were used as initial guess for the fit applied over the full wavelength range between 500 and 1600 nm in order to ensure stability of the fit.
From fits to the spectra between 500 and 1600 nm, the following fit parameters were obtained: ν, StO 2 , R, ψ, f Lipid , f Collagen , c βc , α, b, and ρ. For each estimated value, a confidence interval computed from the covariance matrix was used to assess the reliability for each fit parameter. 33 
Statistical Analysis
A nonparametric Kruskal-Wallis statistical test was conducted to evaluate significant differences of the estimated parameters between the various types of breast tissue for a significance level of 5% (i.e., p < 0.05). The test examines if the medians of the various groups are not all equal; meaning that if the p-value is below the significance level, at least one type of tissue can be discriminated from the others. Therefore, an additional post hoc test is required to account for multiple comparisons, as well as for the fact that comparisons can be interrelated. In this study, Tukey's post hoc test was applied at a significance level of 5%. This statistical procedure is a restricted pairwise comparison that follows the Kruskal-Wallis test which had indicated the significance of the differences. 34 
Classification Algorithms
The CART algorithm was used to classify between the five types of tissue. The CART algorithm starts from a central node that discriminates the largest class, adipose tissue in our case, based on the best classifier. From this root node, a split is performed to discriminate the largest class from the other tissue classes. From the split, daughter partial trees are generated and other parameters are used for further splits. The purity of each node is assessed with the Gini's maximization index algorithm, which corresponds to unity minus the sum of squares of the proportions of target classes at a specific node. 35 The advantage of CART is that it is a nonparametric method, whereas other methods such as linear discriminant analysis (LDA), LR, and KNN assume functional relations between dependent and predictor variables. Moreover, one of the advantages of CART is that it is easy to interpret since the input parameters for classification are used, whereas other methods post-process the parameters into scores that might not be intuitively related to the input parameters. The performance of the diagnosis was evaluated by carrying out an ROC analysis. From the sensitivity-specificity values and the area under the ROC curves (AUC), the PDM for total AUC is computed to assess the accuracy of the diagnostic algorithms. 25 The PDM value corresponds to the sum of AUC of each class weighted by the class size fraction.
Classifications were carried out on the estimated parameters from the fit model using a leave-one-out (LOO) cross validation scheme. Additionally, a hold-out (HO) cross validation scheme with a 70%-30% training-testing split of the data was carried out. The split was performed by random selection of the data before splitting and classification. This partition procedure and classification was reproduced 20 times and the computed sensitivity-specificity values were averaged.
Several techniques were used in literature to classify parameters based on diffuse reflectance spectroscopy measurements or directly applied to the spectra as mentioned in the Sec. 1. The following classification algorithms were applied to our data: ANN, 9 linear SVM, 11 LR, [14] [15] [16] and KNN employing Mahalabonis distance to account for parameters intercorrelation, 17 in order to evaluate the sensitivity-specificity of discriminating malignant and nonmalignant types of breast tissue. Besides, other classification methods were also tested such as CART, LDA with Mahalanobis distance stratified covariance, and nonlinear SVM to discriminate malignant from nonmalignant breast tissues. However, the classification was performed by taking the amount of samples that corresponds to the lowest sample size within the malignant and nonmalignant category, respectively. This means that within the nonmalignant category, 127 spectra from adipose and from glandular tissues were randomly selected and added to the FA spectra to form the nonmalignant database, whereas 96 spectra from IC were randomly selected and added to the DCIS spectra to form the malignant database. The purpose of such categorization is to avoid higher representation of one type of tissue over the others within the same category. Otherwise, discriminating malignant from nonmalignant tissue would be comparable to classification of adipose versus IC given the fact that the total adipose and IC spectra represent 51% and 72% of the nonmalignant and malignant samples size, respectively.
Furthermore, this study is the first that estimates both β-carotene and lipid from breast tissue measurements. A classification of adipose tissue was performed from all the parameters except lipid, water, and collagen and another classification without β-carotene to evaluate which adipose precursor is the most accurate for adipose breast tissue classification using the CART algorithm. Figure 3 depicts typical examples of spectra measured on adipose [ Fig. 3(a) ], glandular [ Fig. 3(b) ], FA [ Fig. 3(c) ], IC [ Fig. 3(d) ], and DCIS [ Fig. 3(e) ] tissues and their corresponding fits. From the measurement of adipose breast tissue, one can notice the effect of β-carotene absorption on the spectra below 550 nm and the lipid absorption peaks at 930 and 1211 nm. ) and the highest for DCIS (roughly 10 cm − 1 ), whereas it is rather similar for the other tissues (around 7 cm − 1 ). A clear distinction can be observed for the Mie slope, where it is almost two-fold smaller for nonmalignant compared to malignant samples. Apart from adipose tissue, IC showed a significant differences based on the water content with the highest amount among all tissues. Adipose and FA have the lowest collagen volume fraction of roughly 14%, whereas glandular and IC are about 18% and DCIS has the highest value with 22%. Although adipose and FA have similar collagen volume fractions, this parameter showed a significant difference between DCIS and adipose tissue and not with FA, due to the higher standard deviation in collagen in adipose tissue compared to FA. It can be seen that the trends in collagen are correlated with the estimated Mie scattering fractions: a lower collagen volume fraction corresponds to a higher Rayleigh scattering contribution.
Results
Multiple class classification was performed with the CART method, on the five categories of breast tissue, i.e., adipose, glandular, FA, IC, and DCIS in order to evaluate the performance of such a diagnosis. Figure 5 depicts a decision tree that classifies all tissues based on a specific threshold value for each parameter. As can be seen, the first node allows discrimination of adipose tissue based on the lipid content. If the lipid volume fraction is above 40%, an acquired spectrum is considered to be taken in adipose tissue, otherwise it is another type of tissue. Table 3 corresponds to the confusion matrix displaying the diagnostic performance by comparing with the pathological diagnosis being the reference standard. Table 4 compares the sensitivity-specificity rates for each type of tissue when a LOO and HO cross validation were applied. The overall classification accuracy computed from the confusion matrix is 90% (879 out of 980). The type of tissue with the lowest sensitivity rate is FA, whereas adipose tissue has the highest specificity rate. The ROC curves for classification of each tissue are depicted in Fig. 6 including confidence intervals. Corresponding AUC and PDM measures are summarized in Table 5 . From the AUC values, the performance of the diagnosis can be classified into three categories with adipose as the best performance (AUC almost 100%), glandular as the worst performance with AUC of 86%, and FA, IC, and DCIS as the median performance with comparable AUC values of roughly 92%. The PDM multiple classes overall performance of the diagnostic is 93.6%. Table 6 summarizes the sensitivity-specificity obtained for classification of malignant versus nonmalignant tissues by using various algorithms for classification. The obtained numbers are compared to what has already been reported by other studies from different research groups. The best algorithm performance applied to the data was reached with KNN classification, whereas the poorest performance was reached with LDA classification.
Classification based on the CART method showed that discriminating adipose tissue based on the β-carotene values only yields to a sensitivity-specificity of 68%-92%, whereas classification based on the lipid parameters yields to a sensitivityspecificity of 98%-99%. Using both parameters yielded a sensitivity-specificity of 99%-99%.
Discussion
This study corresponds to the first of its kind that evaluates the classification of different types of breast tissue based on several parameters derived from spectroscopic data acquired from a wide wavelength range from 500 to 1600 nm. From Table 2 , it is clear that adipose tissue is the easiest tissue that can be discriminated from the other types of tissue. More than seven parameters showed significant differences with lipid, water, and β-carotene as main discriminators, as supported by other studies as well. [9] [10] [11] [12] [13] [14] [15] [16] [17] [18] [19] [20] [21] [22] Glandular and DCIS tissues have the lowest amount of parameters that showed significant differences with other tissues. It is important to note that the use of post hoc Tukey's test is essential for reliable statistical test for significance of differences. If not used, additional parameters become significantly different between types of tissue. For example, lipid becomes significantly different between glandular and FA as well as IC if no post hoc test is performed. Moreover, glandular tissue has on average 5% lipid, whereas FA and DCIS have below 0.5% lipid, while still no significant differences are observed according to Tukey's test despite an order of magnitude difference in lipid content. Similar to ex vivo 10, 11, 14 and in vivo 18, 22, 36 existing studies, we also observed a lower blood oxygenation level in malignant tissue compared to nonmalignant tissue with significant differences (cf. Table 2 and Fig. 4 ). This is expected because malignant tissues are known to exhibit regions of hypoxia. 36 Although this observation corroborates with other existing ex vivo studies, this should be validated in vivo because the oxygenation level of the tissue can significantly change during and after tissue excision. Another interesting finding is that we observed comparable amounts of blood (0.3%) in malignant and nonmalignant tissue similar to reported studies in literature. Yet on the contrary, Van Veen et al. 22 have reported a higher blood volume fraction in malignant tissue similar to optical mammography studies that were conducted in vivo by Spinelli et al. on 190 patients from which 32 had cancer, 37 and by Grosenick et al. on 154 patients with 87 carcinoma cases 38 (in Ref. 38 , Table 4 provides an overview on blood volume, oxygenation level, and reduced scattering properties of healthy and malignant tissue from various optical mammography studies available in literature). Among the malignant types of tissue, only DCIS exhibited a larger amount of blood than the average value of blood in nonmalignant tissues. An increase in blood volume fractions is a potential marker for angiogenesis. Yet again, the current study was performed ex vivo and an in vivo study is required to confirm this observation as shown by Van Veen et al. Furthermore, our data corroborates with the observation from other studies with respect to the reduced scattering amplitude. Indeed, the reduced scattering amplitude is higher in malignant tissue (8.1 cm − 1 ) than in nonmalignant tissue (5.6 cm − 1 ). As expected, we observed that collagen volume fractions correlate with ρ. This is in agreement with findings of Saidi et al. 39 that the Rayleigh scattering in tissue is mainly due to sub-micrometer collagen fibers in the connective tissue, suggesting a stronger Rayleigh contribution in glandular, IC, and DCIS that contain the highest collagen volume fractions as depicted in Fig. 4 . Water content is the most prominent in IC and is significantly different from the other tissues (cf. Table 2 ). The lowest water volume fraction is obviously observed for adipose tissue since lipid contains almost no water. However, collagen-rich stroma contains quite a lot of water as collagen fibers are hydrophilic. Thus, if a tumor induces a lot of stroma, the water content in the tumor will be relatively high as the fibers are loosely arranged, leaving a lot of space for water molecules to intervene in the tumor. In breast tissue with benign sclerotic changes in which collagen gets cross-linked to a great extent, hardly any space is left for water molecules. Necrosis can also play a role in water increase, but only a very small minority of all breast cancer contains necrotic areas in general. Table 4 Sensitivity and specificity of CART classification of each type of tissue using LOO and 20-fold HO cross validation. When investigating the differences in values of the different parameters within each patient instead of comparing tissue types from all the patients together, the p-values for discriminating a tissue from another becomes even smaller. Results of the spectral differences between different patients are to be presented in a future publication. Multiple class classification with the CART algorithm demonstrated a very high overall diagnostic performance of 94% with the highest AUC value for adipose tissue and the lowest for glandular tissue as can be seen in the ROC curves in Fig. 6 . In the study by Majumder et al., glandular and adipose tissues were both classified as normal and discriminated with FA, IC, and DCIS, and obtained an overall classification performance of 88% using sparse multinomial LR on the diffuse reflectance spectra. 15 Our data showed better sensitivity-specificity for IC and DCIS (cf. Table 4), whereas FA showed similar performance. It is important to note that the amount of DCIS samples by Majumder et al. is rather small compared to the other tissues and therefore a low performance can be expected. Moreover, DCIS is not a common tissue measured by other groups (6, 2, and 1 samples measured by Majumder et al., 15 Zhu et al., 11 and Laughney et al., 17 respectively). It is recommended to acquire more spectra from a sample and to perform classification on the spectra in order not to bias the diagnosis by low numbers compared to other tissues.
For a better comparison of our results with existing literature studies, we have performed classification on our data using the techniques suggested in literature. Table 6 summarizes the classification algorithm used to discriminate malignant tissue (i.e., IC and DCIS) from nonmalignant tissue (i.e., adipose, glandular, and FA) and compares the reported sensitivity-specificity values as reported in literature with those obtained in our study.
The sensitivity-specificity obtained with the same method for all categories of breast classification, i.e., the CART method, is 88%-93%. Compared to the results by Bigio et al., ANN classification applied to our data showed better sensitivity-specificity. However, it is important to note that our classification was performed on the parameters derived from the spectra and not by applying the ANN classification to the spectra as done by Bigio et al. The KNN classification employing Mahalanobis distance metric to account for parameter intercorrelations, as used by Laughney et al., showed the highest diagnostic performance. The sensitivity-specificity obtained with this method corresponds to a very high performance. One might question the classification method because the KNN algorithm can be biased, since it is very sensitive to redundant or similar features because all features contribute to the similarity principle and thus to the classification. Using an LR-based classification method showed a sensitivity-specificity of 82%-94%, which is outperformed by the sensitivity-specificity of 100%-100% obtained by Volynskaya et al. However, it is important to note that the study by Volynskaya et al. did not include the 6 DCIS samples they measured because they considered it was a very small number compared to the 9 IC, 9 FA, 31 normal, and 55 fibrocystic change samples they had measured. Keller et al. obtained a lower sensitivity but higher specificity compared to our result. It should be noted that they classified the spectra and not the parameters that were derived from the spectra. Moreover, they included fluorescence spectra to their classification scheme. Zhu et al. achieved a sensitivity-specificity of 83%-87% and 82 ± 5%-89 ± 5% using SVM classification with a LOO and HO cross validation scheme, respectively. In our study, the sensitivity-specificity with linear SVM classification is 79%-93% and 81 ± 4%-93 ± 2% with a LOO and HO cross validation scheme, respectively. The data used for classification by Zhu et al. correspond to 89% of adipose tissue within the nonmalignant category and 74% of IC among the malignant category. Therefore, the weight of classification is mainly dominated by adipose and IC for malignant and nonmalignant tissue, respectively. In our study, 51% of the nonmalignant samples correspond to adipose tissue and 71% of the malignant tissue samples correspond to IC. However, we have performed the classification by taking the same amount of spectra for each type of tissue within the malignant and nonmalignant category in order to avoid an over-representation of adipose and IC within the nonmalignant and malignant category, respectively. This can explain the fact that we observe a lower sensitivity than Zhu et al. However, we obtain a higher specificity suggesting that we can classify nonmalignant tissue better thanks to the additional parameters derived from the fit-model. In the case of nonlinear SVM, i.e., using a Gaussian radial basis kernel function instead of a linear kernel, the performance of discriminating malignant tissue increased to a sensitivity-specificity of 82%-94%. As mentioned by Zhu et al. in a previous study, 10 a classification based on linear algorithms could underperform in the diagnosis since the optical properties are nonlinearly related in the description of the measured spectra, hence the better performance of the nonlinear, compared to the linear, SVM algorithm applied to Table 6 Literature overview of diagnostic performance in discriminating malignant from nonmalignant tissue, and comparison of different classification algorithms applied to the data in the presented study. Classification and regression tree --88-93 85 ± 6-92 ± 3 a Sensitivity and specificity computed after classification of the spectra and not from the parameters derived from a fit-model. b Fluorescence was also measured in these studies, however, the reported sensitivity-specificity corresponds to classification of parameters derived from diffuse optical spectroscopy only except for Keller et al. our data. Besides, for comparison with another nonlinear classification method, a sensitivity-specificity of 78%-95% reached with LDA employing Mahalanobis distance yielded the lowest performance among the other classification methods with respect to specificity. From the various classification methods, large variations in sensitivity-specificity can be achieved, and therefore care should be taken when comparing one's results with existing results in literature. The choice of the classification algorithm is very important and the sample sizes, the methods, and the linearity of the problem should be carefully taken into consideration. As a matter of fact, for classification problems with small sample size, LDA is not suitable, as it is a parametric method assuming normal distribution of the data in each class. Other methods have the advantage of being nonparametric methods. However, KNN is very sensitive to redundant and similar features for classification. On the other hand, linear SVM finds linear separation of two classes in the training set with a hyperplane that has maximal distance from the two classes. If the groups are not linearly separable, non-linear SVM can be applied. 40 The LR algorithm is a probabilistic method that has the advantage of using few or no statistical assumptions, but the drawback is that the complete data is needed for each class to calculate the probabilities. Hence, large variations in sample sizes can bias the classification.
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Among the studies quoted in Table 6 , the study by Keller et al., Majumder et al., Zhu et al., and Volynskaya et al. performed fluorescence measurements. The latter two derived collagen and nicotinamide adenine dinucleotide (NADH) concentrations from fitting the fluorescence spectra. Both studies showed a significant increase in collagen in malignant tissue compared to nonmalignant tissue which correlates with our finding where we estimated collagen with diffuse reflectance spectroscopy measurements. Adding fluorescence to diffuse optical spectroscopy did not result in the same conclusions for the different studies. Volynskaya et al. showed a decrease in specificity from 100% to 96%, whereas Zhu et al. did not observe any differences in performance. Majumder et al. showed a tremendous improvement in discriminating the tumor types of tissue when adding fluorescence measurements to the classification routine, increasing the overall diagnosis performance from 88% without fluorescence to 95% with fluorescence. Apart from fluorescence, Majumder et al. performed Raman spectroscopy measurements and showed that this optical tissue measurement technique yields the best overall performance (99%). The group of biomedical photonics at MIT presented several Raman studies [41] [42] [43] [44] showing that they can reach sensitivity-specificity of 83%-93% by classifying estimated parameters similar to those extracted from the measurements presented in this paper such as β-carotene, lipid, and collagen, as well as additional biological substances such as calcium, cholesterol, and cell nucleus. Interestingly, in comparison with the Raman results of the study conducted by the MIT group, the average collagen and fat fractions are reasonably similar for the different types of tissue except for adipose tissue where we estimate an average collagen content of 15%. In the latest study from the MIT group, 42 the 20 spectra acquired from DCIS samples were not classified because this type of tissue was not encountered in the calibration data set they used for their diagnostic algorithm development. They do discuss, nevertheless, that applying their algorithm to the DCIS samples would result in 5 samples out of 20 to be classified as malignant based on classification of their estimated fat and collagen fractions derived from the fitted Raman spectra.
One final point of discussion concerns adipose tissue discrimination. Both lipid and β-carotene are adipose tissue precursors and only one of them was used in previous studies. In this paper, we estimate both chromophores and from classifying adipose tissue based on only one of the chromophores, it turned out that lipid is the best discriminator for adipose tissue with sensitivityspecificity of 98%-99% versus 68%-92% for β-carotene. It is known that β-carotene is significantly lower in smokers than nonsmokers. 45 Thus, it can bias the discrimination of adipose tissue in the breast, depending whether a patient is a smoker or not, making lipid a more suitable discriminator.
Conclusion
We present the first breast diagnosis study based on estimating morphological, physiological, and optical parameters derived from diffuse reflectance spectroscopy measurements on a 500 to 1600 nm wavelength range. Based on a classification and regression tree algorithm applied to the derived parameters, a sensitivity-specificity of 98%-99%, 84%-95%, 81%-98%, 91%-95%, and 83%-99% was obtained for discrimination of adipose, glandular, fibroadenoma, invasive carcinoma, and ductal carcinoma in situ, respectively; and a multiple classes overall diagnostic performance of 94%. A comparison of different classification techniques to discriminate malignant and nonmalignant tissue showed varying performance that can highly depend on the classification algorithm. Finally, to the best of our knowledge, given the fact this is the only study that estimates both β-carotene and lipid as adipose tissue precursor; we show that lipid is a much better discriminator with sensitivityspecificity of 98%-99% for lipid versus 68%-92% for β-carotene.
